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Abstract.WebsearchenginelogsareagoodsourceofinformationforWeb
usermodelinginwhichusersessionanalysisisoftenincurred.However,
studiesonWeblogsassumeausersessiontocoverthecompletetimeperiodof
thedataset.Intheabsenceofanyfurtherinformation,wedefineausersession
toberelatedtotheusersearchtopics.Viewingsessionsinthiswaycanhelp
overcomeproblemsduetovariedapproachesinsessiondelimiters.Thestudyin
thispaperisbasedonalargecorpusofExcitesearchenginelogs.Human
expertanalysiswasperformedtoidentifytopicchanges.Thedistributionof
topicchangesacrossusersispresented.Inthispaper,wealsodescribean
automaticsessiondetectionmethodonthesamelogs.Forthis,weusetemporal
informationingroupingsuccessiveusersearchactivitieswithrespecttoauser
searchtopic.Wethencomparetheseresultswithhumanjudgementsand
analysetheerrorsincurred.Theseresultsprovideacomparisonwithother
studiesonIntranetWebsearchenginelogs.
1.Introduction
TheincreasingnumberandsizeofWebpageshaveresultedinanimportantchallenge
forsearchengines.Ononehandthereistheissueofhavingadequatecoverageofa
topic,ontheotherhandthereistheneedto prioritiseandpresentresultsthatmeetthe
user’sinformationneedwithoutcausinganoverload.Internetusersposedifferent
challengesto‘traditional’InformationRetrievalSystem(IRS)users.Typically,they
haveshorterqueriesandtheirsearchescanpotentiallycoverawiderrangeoftopics
duetothevarietyofonlineinformation,services,andproductsthatareaccessible.For
example,uptodatetravel,weatherandjobhunting,areareaswheretraditional IRSs
usuallydonotprovidenecessaryinformation.
WhilethereisagrowingbodyofusersofWebsearchengines,notmuchisknown
aboutthemforusermodelingpurposes.Internetsearchenginelogsdonotcontain
muchinformationabouttheuserandhis/herinformationneedsandgoals.Inaddition,
theselogsaretypicallyratherdifficulttoobtain.Thesefactorscontributetoageneral
lackofqualitativeorquantitativestudiesforthispurpose.
Severalresearchershavelookedintothedistributionofqueryterms[5,6,10, 11],
andquery‘categories’basedonhumananalysis[7].We analysethedistributionof
2thetopicchangesacrossusersandthenfocusonautomaticallydeterminingsession
delimiterswhichmarkpositionsofsearchtopicchanges.
Previousresearchshowsthatnearly60%ofusershadconductedmorethanone
searchforthesameinformationproblem.Theprocessofrepeatedlysearchingover
timeinrelationtoaspecific,butpossiblyevolvinginformationproblemisdefinedas
thesuccessivesearchphenomenon[11].Fromourperspective,we hypothesisethata
groupofsequencesofactivitiesarerelatedtoeachothernotonlythroughanevolving
informationneedatadeeper,conceptuallevelbutalsothroughcloseproximityin
time.Infact, Mayburyusestemporalinformationfor analysingworkpatterns of
Intranetusers(i.e.keystrokes,commands,filesaccessed/downloaded)[9].Hehas
usedthisapproachtohelpidentify expertsinparticulartasksasdisplayedbytheir
online behaviour.
Inthispaperwewilldiscusshowweusedtemporalpatternsinusers’search
activitiesasasourceforidentifyinggroupsofrelatedsearchactivitiesfrom
chronologicaldata.Subsequently,wecomparetheresultsofourautomaticmethod
withhumanjudgementsandreportthetypesoferrorsthatoccur.Theseresults
provideacomparisonwithothers’onIntranetWebsearchenginelogs(ReutersLtd.).
2.RelatedWork
AlthoughtherehavenotbeenanabundanceofWebuserstudies,neverthelessthey
havetendedtocoverdifferentaspectsoftheusers’informationseekingandretrieval
behaviour.
StudiesonWebnavigationactivitiesbasedonlogsspanninglongperiodsoftime
(e.g.weeksormore)indicatethatitisverylikelythatuserswillvisitawebsitemore
thanonce[1].Thisisrelatedtothesuccessivesearchphenomenon,mentionedearlier,
inthatrepeatedaccessestoaparticularwebsitemaybeduetosearchesonaspecific
orrelatedinformationproblem. Cooleyetal.[2]refertoatimeouttodividepage
accessesofeachuserintoindividualsessions.Atimeoutisthetimebetweentwo
adjacentactivities. Catledgeand Pitkow[1]focusonusernavigation behaviourand
refertotimeoutinthiscontext(ratherthanqueryactivitiesofWebsearchengines).
LawrenceandGiles[8]reportedonthecoverageofvarious Websearchengine
serviceswhereas Hubermanetal.[4] analysedthepatternofWebsurfingbyusers.
Silversteinetal.[10]reportedstatisticsoveralargecorpus( Altavista)ofunprocessed
logdata. Lauand Horvitz[7]also analysed(Excite)searchenginelogswithaviewto
assigningqueryrefinementclassesandinformationgoals. GokerandHe[3]reported
resultsbasedonasearchengine( Altavista)usedwithinanIntranet.
3.LearningAbouttheUser’sRoleandTopics
Thisstudyispartofaprojectdevelopingauser-adaptiveIRScomponentforWeb
users.Indevelopinglearningtechniquesforuserswithsuccessivequeries,itis
beneficialtobeabletoidentifyandgrouptherelatedsuccessivequerieswhenthey
areincrementallyfedtothelearner.
3Wearguethattherearecontextualconnectionsbetweensearchactivities,ifwe
viewtheinformationretrievalprocessasaninteractive problemsolvingtaskwitha
goal.Auserwithaninterestinaspecifictopiccanbesaidtobeactinginaparticular
role.Hence,itisnotunreasonabletoassumethattheactivitiesinthesamesessionare
likelytocorrespondtoonerole.Wedefineasessiontocontaindatapertainingtoone
roleandouraimistoidentifysuchasessionasaccuratelyaspossible.
StudiesonWebusersandtheirsearchpatternsprovideessentialinformationfor
usermodelingtaskswhenbuildingintelligent,adaptive IRSs.Wefocusonsearch
enginelogstoidentifyhowmanyusershadtopicchanges,withwhatfrequencythis
occurredandtheaccuracyofautomaticallygeneratedsessioncuts.
4.TheData
ThedatacollectionusedintheexperimentswasbasedonExcite
(http://www.excite.com)searchenginelogs.Thissetoflogfilecontains51,474
queries(ormorepreciselyqueryactivities,asdefinedbelow)belongingto18109
users.Itcoversall searchonExcitefor30minutesstartingfrommidnighton10 th
March1997.Eachlogcontainsthefollowingthreefields:
• TimeofDay ,measuredinhours,minutes,andsecondsfrommidnightof9
March1997.(Thisis mm:ssformatasthedurationislessthanonehour).
• UserIdentification , ananonymoususercodeassignedbytheExciteserver.
• QueryTerms ,asenteredbythegivenuser.
Anexamplefromthelogisasfollows:
0709 0006D391330D94BE pattonelectric
In analysingsearchenginelogs,itisimportanttoclarifytherelevantconcepts
below.Thesewillbereferredtolaterinexperimentsandresults.
Queryactivities: Thisreferstosearchrelatedactionswhichtakeplaceduringthe
courseofinformationretrievalsuchasmakingaquery,subsequentlybrowsingthe
pages(scrollingupordown,forexample)andprovidingrelevancejudgements.The
logsdonotdistinguishclearlybetweena(original)queryandanyotherquery
activities.Forexample,ifaparticularqueryoccurstwiceconsecutively,itcouldbe
becausethesamequerywasinputtwicebytheuserorthattheuserbrowsedafterthe
originalquery.
Session: Wegrouprelatedactivitiestogetherandrefertotheresultingunitasa
session.InthecontextofatraditionalIRS,asessiontendstohaveaclearmeaning
determinedbyuserloginandlogouttimes.However,thisisnotavailableforsearches
onWebsearchengines.Hence,asexplainedintheprevioussection,weaimtopredict
wherethesesessionboundariesshouldoccur.Thisisbasedonidentifyingtopic
groups(foranindividualuser)andtopicshifts.
4(Time)Interval: Thisisthetimedifferencebetweentwoqueryactivities.Intervals
occurbetweentwoqueryactivitieswithinthesamesessionortheycanoccurbetween
activitiesspanningasessionboundary.
Inter-session(cross-session)interval: Thisreferstothetimeperiodbetweenquery
activitiesoverusersessions.Someofthisintervalwillbetimespentonwrapping
up/completingthepreviousqueryandsomewillbespentoncognitivepreparationfor
thenewquery.Broadlyspeaking,theintervalcanbedescribedasbelow(in italics).
Initiate/generateaqueryactivity QueryActivity n-1
Timespentcompleting(cognitively)the QueryActivity n-1
Timespentswitchingtopics
Timespentpreparing(cognitively)thenewqueryactivity QueryActivity n
Initiate/generateaqueryactivity QueryActivity n
Ouraimistoautomaticallyidentifytheseinter-sessiontimeintervals.Wedistinguish
thevariouscognitivestagesthatcanoccurduringtheinterval.However,aswedonot
haveenoughinformationaboutuserstoidentifythedurationofthesestages,our
sessioncutsareplacedjustbeforethefirstactivityofthenewsession(where
QueryActivity nisgenerated).
Intra-session(within-session)interval: Thisreferstothetimeperiodbetweenuser
queryactivitieswithinthesamesession.Wedonotwanttoplacecutsfor intra-
sessionintervals,asexplainedabove.
Belowaresamplequeryactivitiesforoneuser.Ahumanjudgementonthedatahas
identifiedthefirsttwoqueryactivities(“schooluniforms”)tobelongtoonesession
whereasthethird(“probability”displayedindifferentfont)belongstoanewsession.
======== userbegin========
0423 4578362633021D50 schooluniforms
<intra-sessioninterval>
0800 4578362633021D50 schooluniforms
<inter-session(cross-session)interval>
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======== userend========
5.Experiments
Thepurposeoftheexperimentswasto analysethedatatoidentifythefrequencyof
topicchanges,andcompareautomaticallygeneratedsessionboundarieswiththose
basedonhumanjudgements.Ourexperimentsinvolvedthefollowingtwostages:
a)  Manuallyprocessingthelogtoidentifysessioncutsbasedonhuman
judgements.
b)  Automaticallygeneratingsessioncutsbasedontemporalinformation.
55.1HumanKnowledgetoDefineUserSessions
Inordertoassesstheaccuracyofourautomaticallygeneratedsessionboundaries,we
preparedaversionoftheExcitelogswithsessioncutsbasedonahumananalysisof
thequeries.
Thelogsweregroupedsothatallqueryactivitiesbelongingtooneuserwere
sortedchronologically.Thesequenceofqueryactivitiesforeachuserandthequery
contentwasexaminedinordertodeterminewhenasearchtopicchangewaslikelyto
haveoccurred.Ideally,thiswouldhavebeendoneinconsultationwiththeuserand
betterknowledgeofhis/hercontextofinformationneed.Intheabsenceoftheuser,
however,severalstepsweretakeninordertohelpreducethepossibilityoferror.The
expertsperformingthehumananalysisofthesuccessivequerieshavehadprevious
experienceofdetectingsessionboundaries.Additionally,dictionariesandsearch
engineswereemployedtocheckonthepossiblemeaningandusageofqueryterms
wherenecessary,beforedecidingonasessionboundary.
Theadvantageofpreparingthisdatasetwasthatwewereabletoestablisha
groundtruth forthesession boundarieswhichwethenusedtocomparetheresultsof
theautomaticmethod.
Theexamplesbelowindicatesomeoftheproblemsthatcanarisewhendeciding
sessionboundaries 1.Thefirstexampleshowsthattherewerefour occurencesof
“pepsi”(inupperorlowercase)beforethequery“NBA.COM”.NBA.COMisthe
officialweb-siteofthe(U.S.)NationalBasketballAssociation.Itispossible,thatthe
userwaslookingforPepsisponsorshipinformationontheNBApage.However,in
theabsenceofanyotherquerytermsindicatingastrongerlinkwehaveassumedthat
thelastquerybelongstoanewsession.
============user begin===============
1748 237ACEDD326E2B74 pepsi
2138 237ACEDD326E2B74 PEPSI
2200 237ACEDD326E2B74 PEPSI
2421 237ACEDD326E2B74 PEPSI
	 	
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============user end===============
Inthesecondexample,thereisastrongindicationthattheuserwasinterestedin
purchasingaVCRonline–basedonthefirsttwoqueries.Itseemstheuserexplored
theuseofoneterm(“VCR”)butthendecidedtosupplementthiswithfurther
descriptionsrelatingtotheinformationneed.Thethirdquery(“ WierdStuff”)appears
tocontainamisspelling.Theusercouldhavebeenreferringto“wired”orelectrical
equipmentinwhichcasetherecouldbesomesortofconnectiontotheprevious
queries.Alternatively,itcouldhavebeenareferenceto“weird”things,inwhichcase
itseemsmorelikelytobeatopicchange.Intheabsenceofanyfurtherinformation,
weassumedthisthirdquerytoreflectachangeintopic.Thelastquery(“AsiansAND
Animals”)wasalsoconsideredtobelongtoadifferenttopic.

1
Pleasenotethateachfontchangeforaqueryactivityshowsthatitwasconsideredtobelong
toanewsession.
6============user begin===============
0538 6257613C3319DD39 VCR
1132 6257613C3319DD39 VCR On-LinePurchase
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============user end===============
Inmakingajudgementaboutasessionboundary,wehaveerredonthesideof
cautionwhengroupingqueryactivitiestogether.Thisisbecausethegroupingof
unrelatedactivitiesintoonesessionismoredamagingforouradaptive- IRS
component.
5.2AutomaticGenerationofSessionCuts
Asequenceofqueryactivitiesisgroupedintoasessionifandonlyif
• theactivitiesarefromthesameUser-id,and
• thetimeintervalbetweentwoadjacentactivitiesislessthanorequaltothe
currentthreshold.
However,automaticallygeneratingsessioncutsorboundariescanresultinerrors.We
identifytwotypesoferrors: TypeA and TypeB . Thesearedescribedbelow.
TypeA: ATypeAerroroccurswhenrelatedqueryactivitiesareallocatedto
differentsessions.Inotherwords,separatingsearchactivitieswhentheyshouldbe
kepttogetherresultsinthistypeoferror.
BelowisanexampleofaTypeAerrorthatarisesifwechooseathresholdof1
minute.Hence,asessioncutwouldbegeneratedifaninterval isgreaterthanthe1
minutethreshold.Otherwise,therewouldbenocuts.
============user begin===============
1443 F5DBD5F5329A257B stocks
1459 F5DBD5F5329A257B stocks
------------------------------------ cutwith1minuteinterval
1607 F5DBD5F5329A257B stocks
------------------------------------ cutwith1minuteinterval
*************************************************cutbasedonhumanjudgement
1758 F5DBD5F5329A257B arts
============user end================
Thetimeintervalbetweenthefirsttwoqueriesisonly16secondswhichisless
than1minute,therefore,bothquerieswouldgetbundledtogether.Theinterval
betweenthesecondandthirdqueriesis1minute8seconds.Asthisismorethan1
minute,acutwouldbegeneratedatthispointtherebywronglyseparatingthethird
occurrenceof“stocks”fromtheprevioustwo.
TypeB: ATypeBerroroccurswhenunrelatedsearchactivitiesareallocatedinto
thesamesession.Inotherwords,groupingsearchactivitiestogetherwhenthey
7shouldbekeptseparateresultsinthistypeoferror.Weviewthistypeoferrortobe
moredamagingtousingtheresultsforthepurposeofaccuratelymodelingauser.
BelowisanexampleofaTypeBerrorifweinitiateasessioncutforan 8minute
threshold.
============user begin===============
1443 F5DBD5F5329A257B stocks
1459 F5DBD5F5329A257B stocks
1607 F5DBD5F5329A257B stocks
*************************************************cutbasedonhumanjudgement
1758 F5DBD5F5329A257B arts
============user end================
Alltimeintervalswerewithin8minutessothecutwouldoccurbydefaultatthe
endoftheusersession.So,fortheaboveexample,allqueriesforthatuserwould
havebeenbundledtogetherandthetopicchangefrom“stocks”to“arts”wouldhave
beenmissed.
6.Results
Theresultscanbegroupedintotwocategories: usertopicchanges and theaccuracy
ofautomaticallygeneratedsessioncuts .Section6.1presentsdetailsoftheuserswho
hadtopicchangesandthefrequencywithinwhichthisoccurred.Section6.2presents
theresultsofcomparingtheautomaticmethodtohumanjudgementsandtheerrors
thatmaybeincurred.
6.1UserTopicChanges
Accordingtoourmanualanalysisofthelogs,7%ofusers(1275outof18109)hada
topicchange.Mostofthem(81.6%)hadonlytwodistinctsessions--reflecting
seeminglytwodifferenttopicsofsearch 2.Some13%ofusershavingacontextchange
hadthreesessions,andonlyaverysmallpopulationofusershadmorethanthree
sessions.However,threeormoresessionsdonotnecessarilymeanthesamenumber
ofdistincttopicssincetheycanalternate. i.e.onerelatedtotopicAthenexttotopicB
andthenreturntotopicAagain.
Table1 andFigure1showthenumberofuserswithatleastonetopicchangei.e.
thosehavingatleasttwosessions.

2
(Note:twoseparatesessionsarisewhenthereisashift/changeintopic.
8No.ofsessions No.ofusers %ofusers
2 1040 81.6%
3 171 13.4%
4 38 3.0%
5 16 1.3%
6 7 0.5%
7 0 0.0%
8 2 0.2%
9 0 0.0%
10 0 0.0%
11 1 0.1%
Total 1275 100.0%
Table 1. Thenumberandpercentageofuserswithatleasttwotopicgroups.
Fig. 1. Thedistributionofuserswithtwoormoresession/topicgroups.
Welookedatthewholedatasetandthesubsetcontainingdataforuserswhohada
topic/sessionchange.Morespecifically,weconsideredtheaveragenumberofquery
activitiespersessionforthesetwodatasets.Someusersusedonlyonequeryintheir
sessions,othersusedanumberofsuccessivequeries.Overall,forthewholelog,there
were2.84queriesperuseronaverage(51474/18109).Theaveragenumberofquery
activitiesperuser,forthesubsetofusershavingasessionchange,was5.04
(6427/1275).Theaveragenumberofqueryactivitiespersessionfortheseuserswas
2.22(6427/2893),basedonthefactthattherewereatotalof2893sessionsinvolved.
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9Forthoseuserswhichhadatleastonetopicchange,theaveragenumberofsessions
was2.27(2893/1275).However,thesemaynotnecessarilybedistinctsessionortopic
groups.Ofthoseusersthatdohaveatopicchange,mostdosoonce ortwiceatthe
most(whichaccountsforabout70%ofchanges).
Fig. 2. Thedistributionofqueriesforsessiongroups(for userswhichhadatopic
change).
6.2AccuracyofAutomaticallyGeneratedSessionCuts
Previousresearch[3]showedthatameaningfulsessionthresholdforestablishingthe
sessionboundariesforthepurposesofanadaptiveIRSwasan11-15minuterange.
Thisreferstothepossiblechoiceoftimeintervalbetweentwoqueryactivities.The
workwasappliedtotheReutersIntranettransactionlogsfromalocalversion ofthe
Altavista (http://www.altavista.com)searchengine.
Wehave analysedtheExcitelogsforthispurposeandasdescribedintheprevious
sectionalsohadacloserlookatusers’topicchanges.Asmallthresholdwilldivide
thequeriesintomanygroups,whilealargethresholdwillgroupqueriesintoone
sessionortopicgroup.
Inter-sessionIntervalAnalysis
Asmentionedearlier,1275usershaveasessionchangeandtotallythereare2893
sessionsforthesenumberofusers.Inordertoidentifywhenuserswithdifferent
searchtopicsactuallymakeashift,weinvestigatethetimeintervalsbetweenthe
identifiedsessionsaccordingtotheground-truth.TheresultsareshowninFigure3.
Forexample,only24%(385/1618)ofinter-sessionshavetimeintervalsofless
thanorequalto1minute.46%ofinter-sessionintervalsarelessthanorequalto2
minutes.
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Fig. 3.  Cumulativepercentageofinter-sessionintervals.
AnalysisofTypeAandTypeBerrors
Table2belowshowsthenumberof intraandintersessiontimeintervalsforatime
spanofoneminute,accordingtotheground-truth.Thosefor20+minuteshavebeen
groupedtogether,aspreviousworkindicatedthecriticalpointtobewithintherange
of20minutes.
Timespan,A–B
(A> x=<B)
Intra-session
Intervals
Inter-session
Intervals
0-1 16408 385
1-2 6644 361
2-3 2802 193
3-4 1601 125
4-5 985 97
5-6 698 54
6-7 543 61
7-8 413 47
8-9 352 47
9-10 230 23
10-11 194 31
11-12 166 28
12-13 122 16
13-14 112 18
14-15 95 20
15-16 77 25
16-17 55 20
17-18 63 10
18-19 39 9
19-20 25 10
20-30 123 38
Table 2.  Theno.ofintraandintersessiontimeintervalsfortimespansuntil20mins.
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Figure4showsthedistributionoftheTypeAandTypeBerrorsalongwiththeir
totalsfortheExcitelogs.Figure5showstheTypeAandTypeBerrorswhengiving
TypeBahigherweight,asweconsiderthistypeoferrortobemoredamagingtoour
applicationarea.
Fig. 4. TypeA,TypeBandthetotalerrorsintheExcitelogs.
Fig. 5. TheTypeAandTypeBerrors(withTypeBhavingmoreweight).
Accordingtotheabovefigures,ifweconsiderTypeAandTypeBtobeofequal
importancethenanintervalchoiceofaround9minutesisappropriate.If,however,
TypeBisconsideredmoredetrimentaltotheapplication(suchasinthecaseof
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applyingtheresultstomodelusersforadaptiveinformationretrieval)thenaninterval
choiceofapproximately6minutesseemsmoreappropriateinthiscase.
ThesevaluesareafewminuteslessthanthosefoundforanIntranetsearchengine
log.Thiscouldbeduetothedifferenceintheuserpopulationorduetothelimited
timespanoftheExcitelogs.MoreexperimentsonInternetsearchenginelogs,
preferablywithwidertimespans,needtobedonebeforemoregeneralconclusions
canbemade.Also,differentsourcesofevidenceneedtobecombinedinordertogive
amoreaccuratelyidentifysessioncuts.Currently,wearelookingintotwofurther
sourcesofevidence:querysearchpatterns,andquerytermclusteringinformation.
ConclusionandFutureWork
WehavepresentedanalysesofalargesetofWebsearchengineloginformation
capturingthesearchactivitiesofusers.Wedescribedsomekeyconceptsinobserving
theactivitiesandthetimegapsbetweenthemwithillustrativeexamples.Wethen
exploredthefrequencyofusertopicchangesandtheirdistribution.Thiswasfollowed
byanautomaticmethodfordeterminingsessioncutswhenthereisachangeinsearch
topic.Themethodusedtemporalinformationaboutusersearchactivitiesandwas
latercomparedtohumaninterpretationsofsearchactions.Theresultswillbeusedto
feedintoalearnerforanadaptiveWeb-basedIRS.
ThestrengthofthestudyisbasedonrealWebusers’searches.Ontheotherhand,
aweaknessisthattheExcitelogscoverashorttimespan.Thisisonlya“snap-shot”
ofserversearchlogsandmaynotadequatelyrepresentusers’ behaviouroveralonger
term.
Ourongoingworkfocuses onameansofcombiningevidencefromavarietyof
sourcesaboutusersearchactivitiesinordertofurtherreduceerrorratesinthesession
cutmethod.
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